Each mineralization style is characterized by typical signature associations between elements due to elemental interactions, therefore the coherence and closure effects problem must be overcome in geochemical processing. The coherence indicates the ratios between two components (rows or columns) remains the same whether they are considered in a subcomposition or in the full composition. The log-ratio transformation (LRT) has recognized as a standard procedure to support subcompositional coherence. The log-transformed data is applicable for geochemical data to unveil such associations, prior to applying the multivariate analysis like correspondence analysis (CA) and principal component analysis (PCA). At the present study, subcompositional coherence is overcome by inverse iso-metric log-ratio transformation for geochemical compositional data at two polymetallic and porphyry deposits. Based on Ilr-transformed data, Ag, Au, As, Pb, Te, Mo and rather S, W, Cu are enriched as polymetallic elements at Glojeh, while Au-Cu-(Mo) compositions indicate a porphyry deposit occurred in Dalli deposit. The ability to handle zero values in the data matrix and determining an elemental eccentricity from the center of each axis based on Euclidean distances are the advantages of CA method, with compression to LRT. Whereas, loading factors which spread in every direction and providing subcompositional coherence are the competitive advantages of PCA based on LRT, for both case studies. Results with these techniques show signifi cant ability to draw an inference in such geochemical data, and in improving the performance of multivariate techniques using LRT.
Introduction
Applied geochemical data such as most mining data are often defi ned as compositional (Reimann et al., 2011) . The compositional data are indicated as parts per million (ppm), percentages, proportions, and other quantities which is concerned with relative and sums up to a constant value like 100 percent or 1 (Aitchison and Greenacre, 2002) . Hence, the individual or compositional variables are not independent and variables can not be freed to vary from the others. Accordingly, the problem of data closure effects needs to be considered in geochemical data evaluation (Reimann et al., 2012; Reimann et al., 2011; Zuo et al., 2013) . Aitchison (1982 Aitchison ( , 1983 Aitchison ( , 1986 proposed that the log-ratio transformation (LRT) is an appropriate method to evaluate the total variability of the compositional data. The subcompositional coherence means that the correlation coeffi cient or the distance between two components in a subcomposition (subset) is the same as that for the same two components in the full composition (Greenacre, 2011) . Using LRT this problem is posed and consistent results were obtained because the values of a selected element represent its proportions in the complete sample, whether one works with the subcomposition or in the full composition (Filzmoser et al., 2009c; PawlowskyGlahn and Egozcue, 2006) . The closure effect problem of elements and samples is commonly apparent in the simply log-transformed scores of a geochemical compositional data. In order to overcome this problem, this data can be transformed by using the LRT, e.g. centered log-ratio (clr), the iso-metric log-ratio (ilr), and the additive log-ratio (alr), prior to using any of the multivariate methods (Carranza, 2011; Filzmoser and Hron, 2008; Filzmoser et al., 2009a; Silverman et al., 2016; Templ et al., 2008) .
Correspondence analysis (CA) is a comprehensive and exploratory method which can widely be applied to recognize various genetic associations and elemental distribution in geochemical exploration. This technique is conducted according to the two main R-mode (factor scores related to elements) and Q-mode (factor scores related to samples) methods (David et al., 1974; Março and Scarminio, 2007) . These methods are used to reduce high-dimensional data into lowdimensional subspaces that explain the main variances and qualitative and/or quantitative variation among the whole data (Akbarpour et al., 2013; Carranza, 2009) . Principal component analysis (PCA) is another method that is mainly used to compress large data matrices and extract the common factors (De Winter and Dodou, 2016; Pommer et al., 2004) . PCA method is a data-driven multivariate technique that can reveal similarities based on the correlation or covariance matrix (Croux and Haesbroeck, 2000; Olofsson et al., 2009 ). In addition, the PCA based upon LRT of the geochemical compositional data is applied to reveal underlying patterns in the data, in a more vivid manner. In the geochemical exploration and to have full rank with spreading in a full circle distribution, Ilr transformation is better than Clr transformed data (Carranza, 2011; Filzmoser et al., 2009a Filzmoser et al., , 2010 . It was indicated using inverse Ilr transformed data that each variable of the biplot is related to one of the components. Greenacre (2010) pointed out that in compositional data using that PCA of Clr-transformed data (or totally LRT) and CA through the Box-Cox power transformation the same results were obtained. He indicates as long as the weighted form of LRT is used, so in this respect the sub-compositionally coherent is much better. Totally, LRT is considered as a limited case of CA (Greenacre, 2010) . The obvious benefi t of CA is the ability to deal with zero values in the data which can be analyzed for nonzero power parameter of the Box-Cox transformation while it is a problem in LRT (Greenacre, 2010; Martín-Fernández et al., 2003) .
The objective of this paper is to apply various CA and PCA opened by log-transformed and LRT data for two different types of Au mineralization, the Glojeh polymetallic and Dalli porphyry deposit. Our case studies demonstrate that the closure effect is an inherent problem for geochemical and environmental compositional data which cannot be overcome by simply log-transformation. The present study aims to investigate: (1) A better insight to sense and explore the essential information on mineralization, and relationship between elements and samples; (2) a comparison between the log-transformed and Ilr-transformed data form two genetic types of polymetallic vein and porphyry Au deposits; and (3) a comparison between CA and PCA of compositional geochemical data.
Material and Method

Case studies
Two different types of polymetallic vein and porphyry mineralization were investigated to evaluate the relationship, interaction, and closure effect between elements. These specifi cations could ease the interpretation of geochemical dispersion pattern of elements. The fi rst case study is the Glojeh polymetallic vein deposit. It is located in NW Iran, central part of the Tarom-Hashtjin Metallogenic Province (THMP). It is recognized as the main metallogenic province in the western Alborz magmatic arc (Darabi-Golestan and Hezarkhani, 2016 ; fi gure 1). There are two main polymetallic Au-Ag-Cu-Pb-Zn veins and several veinlets that were displaced by eastwest striking in Glojeh. The offset veins (and parallel in some places) have a length of about 1,5 km and a width range from 0,1 to 4 m (averages 2,5 m). case study is Northern Dalli porphyry deposit which located in the central province of Iran, 70 Km away from Arak (Darabi-Golestan et al., 2013a ; fi gure 1). In total, 149 (plus 16 replicate sample) soil samples were taken from the area, with a grid net of 50 m×50 m. They were analyzed for 45 elements by using ICP-MS method in the ANDL Lab Australia (Darabi-Golestan et al., 2013b) . Both these data sets have compositional specifi cation.
Quality Control
The total number of 20 duplicate and 20 replicate samples were collected from original samples of Glojeh deposit. They were prepared and analyzed by ICP-MS for 44 elements, individually. The quality of analytical data were evaluated using the ThompsonHowarth graphical method (Stanley, 2006; Thompson and Howarth, 1976) . The duplicate (or/and replicate) samples were applied to assessment of precision or accuracy (geochemical QA/QC) in analysis (DarabiGolestan and Hezarkhani, 2018) . The mean of the main-duplicate (or replicate) pairs are plotted along the X-axis, while the absolute difference of values is shown along the Y-axis for Au analysis at Glojeh. The two default lines corresponding to the d 99% and d 50% (or 1% and 50% error, relative standard deviation) were used onto the Thompson and Howarth (1976) scatterplot (Stanley, 2006) . The lines d 99% and d 50% the 99th and 50th percentiles of the absolute difference between duplicate and replicate samples, which is represented as a function of concentration are respectively. Also, if all the samples are located under the d 99% , it will be assumed that there is a normal distribution of error. Repeatability of measurements in the Glojeh deposit was assessed by the ThompsonHowarth error model. It indicates that the repeatability precision is under the control line of 1:1 (or y=x) for duplicate and replicate samples. The highest accuracy and lowest precision are related to the D10 and R10 samples which is located near the control line 99% for Au analyses, compared to the main sample ( Figure 2 ). of Thompson and Howarth (1978) . The mean of the replicate pairs is plotted along the X-axis, the absolute difference of the two results along the Y-axis.
In addition, just three replicate samples were taken for the porphyry deposit case study. These samples were analyzed for 44 elements that was determined by ICP-MS. Due to the small number of duplicate measurements, the accuracy of these samples were evaluated for all the elements. Quality control of main vs. replicate pair samples at Dalli deposit were given at fi gure 3, where all the main vs. replicate samples overlay on y=x line.
Log-ratio Transformation
The LRT has become a frequently used standard procedure to support subcompositional coherence within data (Aitchison, 1990; Greenacre, 2011) . The ratios between the two components remain same, whether they are considered in a subcomposition or in the full composition (Greenacre, 2007) . A family of log-ratio transformation consist of the clr, ilr, and alr space (Aitchison, 1986; Carranza, 2017; Egozcue et al., 2003; Thió-Henestrosa and Martín-Fernández, 2005) . LRT may be done weighted (not for samples, but compositional elements can be weighted by the average level of each component) or unweighted (Greenacre, 2011) . The frequently used unweighted version is applied for this paper based on the method that show sincoherence in the present data set using the Euclidean distance. The unweighted LRT has been proposed in detail by Kazmierczak (1985) , afterward Aitchison and Greenacre (2002) suggests a biplot to a better representation of results.
In this study, the Ilr-transformed values were used for PCA analysis, while they were obtained by the CoDaPack software v 2.01 (available at http://www. compositionaldata.com/). The clr transformation (Aitchison, 1986 ) could be applied on composition of the data set (X), so can be written as:
Eqs. (1) where all components have been divided by the g(X). The g(X) is the geometric mean of X i components from the X symmetrically (Egozcue et al., 2003; Filzmoser et al., 2009a) . It is calculated as follows:
The resulted data (Y) based on this transformation show collinear relationship as , i.e. the sum of each clr transformed data for a variable is zero (Aitchison, 1986) , which rely on full rank data matrices, like standard robust covariance estimators (Maronna et al., 2006) . The ilr transformation could preserve all the advantages of clr transformation. In addition it can overcome on the disadvantageous treatment of data colinearity or the singularity of clr in Euclidean space (Egozcue et al., 2003; PawlowskyGlahn and Buccianti, 2011) . For a composition X, the ilr transformation can be expressed as follows:
Eqs. (3) Eqs. (4) It is clear based on the fundamental of Ilr transformation, only n-1 variables can be obtained for n components data (Thió-Henestrosa and Martín-Fernández, 2005) . Therefore, the interpretation of new ilr transformed variables is not straightforward and there is no direct connection to the original variables (Filzmoser et al., 2009b) . Whatever, the Ilr transformation does not show any clear simplest or canonical basis, but it has significant conceptual advantages (Pawlowsky-Glahn and Buccianti, 2011) . The results obtained from ilr variables can be backtransformed to clr coeffi cients aided by an orthonormal basis (Egozcue et al., 2003; Liu et al., 2016) . By using LRT, the subcompositional coherence is aided since the ratio between two data values (elements or samples) remains the same whether or not rows or columns are excluded from the table (Greenacre, 2007) .
Correspondence Analysis (CA)
With application CA on the indicator matrix will provide two sets of factor scores for the rows (samples) and columns (elements). These factor scores are scaled such that their variance is equal to their corresponding eigenvalues (Abdi and Valentin, 2007; Greenacre and Blasius, 2006) . At the CA method, it is possible to calculate the squared (χ 2 ) distance (Euclidean distances) between the observations or variables to look for the quantitative or qualitative objects of a given point or a set of points (Tekaia, 2016) . It is supposed thatthe data matrix is X, and it has I ×J table of compositional data array. Each of these vectors was calculated from the following equations: Two diagonal matrices of R n×n and C m×m are defi ned as (Diday and Noirhomme-Fraiture, 2008; Greenacre, 1984; Ji et al., 2007; Ji et al., 1995 The H matrix eigenvalues and eigenvectors will be calculated. The information resulted in p (where p ≤ m− 1) dimension. Thus, the number of P eigenvalues were obtained as 0<λp≤...≤λ 2 ≤λ 1 <1 (Diday and Noirhomme-Fraiture, 2008; Gu et al., 2015) . Afterward, eigenvectors [a p ] corresponding to each eigenvalue (λ p ) were calculated. Then the two matrices of Λ and A were generated based on eigenvalues and eigenvectors:
Eqs. (11) A (m×p) = (a 1 , a 2 , ..., a p )
Eqs. (12) U m×p and V n×p matrices could introduce the relationship between variables and samples, respectively (Golestan et al., 2013; Ji et al., 2007) . They were calculated as follows:
Eqs. (13)
The F (m+n)×p matrix (Eqs. 15) is a combination of the two important results of the CA, namely the U-matrix (R-mode; represented as a column-tocolumn or element-to-element criterion) and the V-matrix (Q-mode; represented as a row-to-row or sample-to-sample criterion) as a two important results of the CA (Darabi- Golestan and Hezarkhani, 2018; Ji et al., 2007) . Therefore, the CA calculates the association or similarity between each variable (R-mode) and samples (Q-mode) within factor scores.
In another defi nition of CA, X is divided by its grand total x ++ to obtain the so-called correspondence matrix P=(1/x ++ )X (Greenacre, 2010) . Let r and c vectors be the row and column of P, respectively. Therefore, the Eqs. (9) can be rewritten as Eqs. (16):
Eqs. (16) By performing a power (Box-Cox) transformation of the X matrix as , the CA is performed on the new correspondence matrix as X(α). The convergence and similar results of CA with LRT is a direct result of the Box-Cox transformation represented as f(x) = (1/a)(X α -1), α>0 or f(x) = g(x) when α=0 which f(x) tends to log(x) as tends to 0 (Greenacre, 2010 (Greenacre, , 2011 .
Principal Component Analysis (PCA)
The PCA is a multivariate technique that applies frequently to illustrate the multidimensional data into lower dimensional factors without losing important information in the data (Collins and Ovalles, 1988; Fávaro et al., 2007) . It could be done with both normalized and non-normalized data (PawlowskyGlahn et al., 2007) . In this method, original data are transformed into a new set of data which led to a better results to explore the essential information (García-Izquierdo and Ríos-Rísquez, 2012; Ramasamy et al., 2013) . The data matrix X consists of n samples (objects) which is analyzed for p elements (variables), in environmental, mining and geosciences studies. PCA decomposes the initial matrix X into two main produced matrices, introduced as a score matrix (T) and loading matrix (P). It can be expressed as following equation:
Eqs. (17) where E is a matrix of residuals and P T is the transpose of P (Março and Scarminio, 2007) . Therefore, the major patterns of the data variance and correlations among measurements (according to their similarities) were showed in q vectors that were known as the principal components (PC; Bitner-Mathé and Klaczko, 1999; Karamanis et al., 2009; Março and Scarminio, 2007) . These reduced factors indicate the largest amount of variability and associations between variables (Abdi et al., 2013; Golestan et al., 2013; Tokatli et al., 2014) . Applying the visualization technique to show the factor scores and loading factors make this method comprehensible and could improve the prediction performance by visualizing large amounts of data (Hayton et al., 2004; Jeong et al., 2009 ). Reducing dimensionality of data at the PCA has a similar process to that of CA (Greenacre, 2007) .
Results
Correspondence Analysis (CA)
The R-mode and Q-mode on the fi rst and second dimension of U and V-matrices are represented in the biplot for the Glojeh (Figure 4) and Dalli ( Figure 5 ) Figure 4 -The two-dimensional visual representation of the two main factors; fi rst and second factor explained 77.1% of the total variance at Glojeh using correspondence analysis. Both the row and column were displayed as principal coordinates in simultaneous plot.
Figure 5-The two-dimensional visual representation of the two main factors; fi rst and second factor explained 89.8% of the total variance at Dalli using correspondence analysis. Both the row and column were displayed as principal coordinates in symmetric plot.
deposits simultaneously. The Dimension 1 versus Dimension 2 (D1 versus D2) of Q-mode and R-mode combination analysis showed that two factors explained 77,14% of the total variance in Glojeh deposit. This percentage is suffi ciently high to indicate a visual representation of the relationship between elements and samples. The fi rst dimension indicates the strongest phase of mineralization that explains 65,14% of the total inertia and variance (Figure 4) . On the other hand, the second dimension of variations (D2) indicates that Au and Ag show two different trends. The positive Au mineralization accompanied by Ca, As, and Sb association, while negative trend of Ag occurred with Zn, Mo, Pb, S, and Te elements.
The Dalli deposit is the second case study, which has been evaluated by 149 soil samples. The fi rst dimension of CA indicates a strong mineralization of Cu-Au accompanied by high anomalous data for Mo, Ti, K, V and Fe, due to the related distances from other elements on this axis ( Figure 5 ). On the other hand, the second phase of variations (Dimension 2) indicates that S, As, Au, and Sr show anomalous trends. The sample ID's of 36, 41, 75, 82, 130 and 146 show enrichment for them. The two-dimensional visual representation of indicated fi rst and second dimension of CA explains 89.8% of the total variance, while the fi rst dimension explains 78.8% of the total variance in district ( Figure 5 ). The intuitive graphical fi gure 5 represents that D1 and D2 combination can display Cu-Au (Mo) mineralization, based on the highest distance and stretching outward from the center cluster, at D1 axis. As we discussed the fi rst dimension was about seven times stronger than the second dimension.
Principal Component Analysis (PCA)
The geochemical compositional data were opened within the CoDaPack software v 2.01 and were transformed using the Isometric log-ratio (Ilr) transformations, prior to using any of the multivariate methods. The PCA for Ilr transformed data can be used to enhance the results of the CA for simultaneous study of elements in polymetallic and porphyry deposits when the data are compositional and suffering from closure problem.
Polymetallic vein deposit:
At fi rst, the PCA was done by log-transformation of geochemical data at Glojeh polymetallic vein deposit. The scree plot of eigenvalues indicates that the fi rst (PC1) and second (PC2) signifi cant factors of PCA explaining 56.3% of the total variance (Figure 6a) . The PC1 explains the largest variance equal to 34.9% of the total variance. The PC1 indicates that the red group consists of Cu, Ag, Mo, Pb, Zn, Te, As, Au, Be, W, Se, and Cd elements are gained, while the blue group which is composed of Nb, K, La, Zr, Ba, Ce, Rb, Al, and Y elements is depleted at the Glojeh deposit. The factor loadings for these components are shown in fi gure 6a, while they are occurring between the -1 to +1 values and imply how the factors characterize the variables. Therefore, the association of Au, Ag, Cu, Pb, and Zn are more considerable for mineralization with As, Be, W, Te, and Mo in the Glojeh deposit.
On the other hand, based on the compositional properties of the data, all the data were transformed to Ilr space. The PCA method was applied to all above (43 elements) described elements within Ilr space. The first and second PC loadings of Ilr-transformed geochemical data explains 51,9% of the total variance in district (Figure 7a ). The PC1 which includes the mineralization process explains 40,2% of total variation at the area (Figure 7a ). Accordingly, it is comparable with the results of log-transformed data, by the higher value of variance (40,2% vs. 34,9%) and spread loading vectors and scores (Figure 7b ).
Porphyry deposit:
As a comparative case study, the Northern Dalli deposit has been investigated by log-transformed and LRT, based on 149 soil samples. The PC1 indicates 27,8% of total variation according to strong loading of Au and Cu against Li, Al, Mn, Ni, B, Co, Sr, and Cr elements. The PC2 shows 19% of total variance, indicated by V, Fe, To, Ga, Mg, K versus lower intense value of B, As and certainly La and Ce in this axis (Figure 8a ). It is confi rmed by score of samples such as 74 and 114 which are the strongest mineralized and depleted samples for Au and Cu respectively (Figure 8b ). On the other hand, sample ID's of 11, 42 and 106 are the mineralized ones for V, Fe and Ti and 53, 142, and 131 are the loosest sample for them.
The biplot of the corresponding PC1 (29,5% of total variance) and PC2 (19,6% of total variance) of the Ilr transformed data, shows a clear separation between loadings and score of samples (Figure 9b) . Therefore, the closure problem is overcome by Ilrtransformation, and curved shape of scores at fi gure 8b is depicted according to Ilr-transformation at fi gure 9b become spread apart and according to the spatial distribution of the observations become further apart.
Discussion
CA
Polymetallic deposit: Zhu et al. (2011) proposed that the associations of Au-As or Au-Sb is common in different gold deposit, certainly in polymetallic veins that is consistent with the D2 here. The D1-D2 biplot (Figure 4) demonstrates the multi-element associations of Au-As-Ag-Pb-Te-Mo-Zn accompanied by S-Cu-W and Sb describing a polymetallic mineralization at Glojeh deposits directly. They have very high eccentricity from the center of the axis (0, 0) and sample ID's of 28, 29, 30, 31, 32, 33, 34, 35, 36 and 81 confi rming this mineralization as indicator samples. The results show the potential for polymetallic (highly anomalous elements are Ag, As, Pb and Au) veins mineralization. Cu and S association may be indicated that the polymetallic Au, Ag, Cu, Pb and Zn mineralization in the Glojeh deposit can be linked to a porphyry deposit in depth. Therefore, As, Te, Mo and minor S, W are more considerable for mineralization with Au, Ag, Cu, Pb and Zn in the Glojeh deposit (Darabi-Golestan and Hezarkhani, 2017).
Porphyry deposit: On the other hand, a porphyry mineralization at the Dalli deposit is verifi ed by sample ID's of 23, 29, 35, 41, 42, 47, 63, 75, 76, 87 and too many samples. order to avoid the creation of false anomalies due to different dimensions between or among the different elements. , the curved-shape confi guration of the sample and element scores is a typical distribution for data closure problems in this coordinate.
PCA for log and Ilr Transformed Data
Polymetallic deposit: The biplot of the fi rst two PC loadings for log-transformed data in a polymetallic deposit shows clearly the closure problem between loadings, as they are constrained in a semicircle (Figure 6a ). The biplot of loadings and scores for logtransformed data (Figure 6b) shows that the red group is concentrated in sample ID's of 28, 29, 30, 31, 32, 33, 34, 35, 36, 47, 50 and 81 . These samples indicate vein, veinlet and brecciated zones, while they are depleted from blue group. By the way, it is resulted that the samples 128, 110,129 and 130 are concentrated for the yellow group. The yellow and green groups are more relevant by the PC2. On the other hand, the visualized plot of multi-elemental association from PC1 vs. PC2 indicates that the closure problem in compositional data is posed and the loadings are spread in a circular, using Ilr-transformed data. The combination of loadings and scores at fi gure 7b indicates a better relationship and interaction between elemental loadings and sample scores, whereas the closure effect problem is minimized. Figure 7b could ease the interpretation of geochemical dispersion pattern of elements and samples.
Both the PCA opened using log-transformed and Ilr-transformed geochemical data indicate sample ID's of 28, 29, 30, 31, 32, 33, 34, 35, 36, 47, 80 and 81 as anomalous samples that taken from polymetallic (Au, Ag, Cu, Pb, and Zn) veins. But Ilr-transformed data show better inherent in compositional and overcome on the closure effect of loadings and scores.
Porphyry deposit: The loadings (Figure 8a ) and scores (Figure 8b ) of the two fi rst PC's (from logtransformed data) show the closure problem, give that all the loadings except Au, Cu, La, and Ce are restricted to a semicircle (180°) and score of samples distributed closely. Because of data closure effect problem there is compositional data at Dalli deposit, the score of samples shows a strong curve shape as shown in fi gure 8b.
Using appropriate Ilr transformations prior to PCA analysis, the loadings of compositional data plot along all directions on the biplot (Figure 9a ), while the loadings of the log-transformed data are mostly constrained in a semi-circle (Figure 8a ). Figure 9a suggests that Mo-Ti-Fe-K-V and Y-La-Ce associations that represented in PC1 vs. PC2 biplot of Ilr space, show more realistic signature in Cu-Au porphyry deposit, compared to their associations represented in simply log-transformed biplot at fi gure 8a. This interpretation is supported by the different spatial distribution of scores at fi gure 8b and 9b. Figure 8b demonstrates that the known Cu-Au-(Mo) deposit in the study area has stronger positive correlation with the Mo-Ti-Fe-K-V and Y-La-Ce associations, which is concordant with Cu-Au-(Mo) porphyry deposit. With a comparison to log-transformed, loadings of the ilr-transformed show a strong Cu-Au mineralization followed by lower Mo concentrations, that are supported by too many scores of samples. Previous studies at this deposit, revealed a clear trend of sequential enrichment of Mo→Cu→Au from depth to surface (Darabi-Golestan et al., 2013a) , that is covered by the results of ilr-transformed data from soil samples at this study. The intensely mineralized Au-Cu-(Mo) occur at sample ID's of 22, 28, 35, 40, 46, 74, 84, 86 and many others, and these are in connection with Cu-Au porphyry mineralization at the deposit (Figure 8b and 9b) . According to lithological soil samples using CA (Figure 5 ), PCA analysis of log-transformed (Figure 8 ) and Ilr-transformed data (Figure 9 ), this trend is confi rmed by higher intensity of (Au, Cu)>Mo. Darabi-Golestan et al. (2013a) proposed that the higher concentrations of Au and Cu are associated with mineralized zone within quartz diorite porphyry rocks that were enriched partly from Fe and Ti that were dominantly covered by potassic (K) alterations, which are more consistent with the CA and PCA of LRT data of graphical plot at the present study.
Conclusion
Most of mineralization has occurred because of the elemental interaction effect and physico-chemical exchanges within or/and between fl uids and host rock. Therefore, the closure effects problem needs to be considered to understand the geochemical dispersion pattern of elements. Subcompositional coherence is overcome by LRT (certainly, Ilr transformation) for two genetic types of polymetallic vein and porphyry Au deposits at this study, while simply used logtransformed values are not good enough. Accordingly, by application Ilr-transformed data compared to logtransformed data the PC1 are improved from 34,9% to 40,2% at Glojeh and 27,8% to 29,5% at Dalli deposit. The ability to handle zero values in the data matrix and determining an elemental eccentricity from the center of axis based on Euclidean distances are the advantages of CA method. On the other hand, a clear picture of loading factors which spread in a full circle providing subcompositional coherence are the competitive advantages of PCA based on Log-Ratio transformation. Accordingly, Ag, Au, As, Pb, Te, Mo and rather S, W, Cu are enriched as polymetallic elements at Glojeh, while Au-Cu (Mo) indicates a porphyry deposit occurred in Dalli. Both anomalies are accompanied by a lot of samples that show enrichment for them. However, the closure problem between samples and elements is solved by LRT and these techniques show signifi cant ability to draw an inference in such deposits.
